T echnological developments combine previously distinct technologies that result in converging markets. In converging markets, firms from different industries compete against each other, often for the first time. We propose that firms introducing new products in converging markets will learn vicariously from other firms in the market. Further, we propose that this learning will vary across the dual-technology frontier (DTF), where the high-technology frontier (HTF) and low-technology frontier (LTF) map onto innovative activities driven by technological opportunity and user needs. We propose that at the HTF, local search will dominate and firms will be influenced by HTF product introductions of similarly sized, successful firms. At the LTF, learning will occur across the DTF, vary by origin industry of the firm, and be affected by complementarities in routines and capabilities and market competition among firms. We test the proposed model of vicarious learning using panel data on new product introductions of 67 firms in the U.S. digital camera market in the 1990s. Findings generally support our proposed model of vicarious learning in this market. They show heterogeneity in vicarious learning across the technology frontier and firm characteristics-including the origin industry of target firms. Our results show that vicarious learning in new product introductions in converging markets-which includes both mimetic and nonmimetic learning-is similar in some ways, but different from more traditional markets. We conclude with a discussion of the implications of our findings for theories of organizational learning, new product development, and converging markets.
Organization theorists contend that firms learn vicariously, imitating or avoiding actions of other firms (Levitt and March 1988 , Huber 1991 , March 1991 . There is robust evidence of such vicarious learning across several contexts including acquisitions (Haunschild 1993 , Haunschild and Miner 1997 , Beckman and Haunschild 2002 , market entry (Haveman 1993; Greve 1996 Greve , 1998 Greve and Taylor 2000; McKendrick 2001) , chain units' location (Baum et al. 2000) , entrepreneurial decisions (Lant and Mezias 1990) , and airline performance (Haunschild and Sullivan 2002) . In this paper, we examine vicarious learning in new product introductions of firms in the early years of a converging market.
Developments across diverse industries are combining previously distinct technologies into new products, resulting in converging markets (Yoffie 1997 , Economist 2000 . Some examples of converging markets include the markets for digital cameras, personal digital assistants, Internet multimedia players, and video-on-demand. Firms in converging markets face challenges as they master new technologies to develop new products, while simultaneously competing in markets beyond their traditional spheres of competence (Greenstein and Khanna 1997) .
The limited empirical research on converging markets has focused on the dynamics of market structure (e.g., Gambardella and Torrisi 1998), and few insights exist on firms' strategic behaviors (for an exception, see Tripsas and Gavetti 2000) . As Malerba (2002, p. 259) notes "more work is necessary when the transformation of sectors involves the emergence of new clusters that span over several sectors The analysis of sectoral systems has to consider the fusion of previously separated knowledge and technologies and the new relations and overall dynamics between the different types of users, consumers, and firms with different specializations and competencies."
Under conditions of high uncertainty, firms learn from the actions of other firms (e.g., Mezias and Lant 1994 , Haunschild and Miner 1997 , Mezias and Eisner 1997 . Thus, early converging markets, characterized by high uncertainty, provide a good setting in which to explore vicarious learning. Studying vicarious learning in this context (new product introductions in converging markets) can contribute to the organizational learning literature. First, as previously noted, there is evidence that vicarious learning affects many important strategic decisions. Yet we know little about vicarious learning with respect to new product development (NPD), an important strategic context for firms. The actions of other firms are likely to affect these decisions as well, as suggested by Greve and Taylor's (2000) finding that radio stations change formats based on other stations' format changes. Indeed, past research suggests the potential value of the external environment on NPD at the team level (e.g., Ancona and Caldwell 1992) . However, few insights exist on the specific nature of organizational vicarious learning processes in NPD processes.
Second, past research on vicarious learning has primarily examined intra-industry learning (for an exception, see Kim and Miner 2000) focusing on industries that have been in existence for some time. In a converging market, entrants from different industries compete for the first time. According to evolutionary theory, firms in a given industry possess similar resources and routines (Nelson and Winter 1982) . This insight raises the possibility that vicarious learning in a converging market, where entrants from different industries compete, may vary systematically across firms' origin industries. Our understanding of inter-and intra-industry learning can be enhanced by exploring vicarious learning in the converging-market context.
Finally, many markets are characterized by a dualtechnology frontier (DTF), where the high-technology frontier (HTF) represents innovations arising from technological opportunities, and the low-technology frontier (LTF) represents innovations driven by user needs (Schmookler 1962 , Rothwell 1994 . In this paper, we incorporate this notion of the DTF to theorize differences in vicarious learning across the frontier.
Thus, extending developments in organizational learning (e.g., Baum and Mezias 1992 , Baum and Haveman 1997 , Haunschild and Miner 1997 and technology strategy (Schmookler 1962 , Rothwell 1994 , we propose a model of vicarious learning for new product introductions, in which learning varies across firm characteristics, origin industries, and the DTF. We test this model using a panel data of 429 new product introductions of 67 firms in the early years of the converging U.S. digital camera market between 1991 and 1999.
Theory New Product Introductions as an Indicator of Vicarious Learning
Innovation is a central mechanism by which organizations adapt and transform themselves (Eisenhardt and Tabrizi 1995) . For example, by changing its products, Hewlett-Packard transformed itself from an instruments company to a computer company. Likewise, by offering new products Intel changed from a memory company to a microprocessor company (Burgelman 1991) . More generally, organizational adaptation changes organizational processes and routines (Nelson and Winter 1982) . Thus, new product introductions-a key manifestation of innovationis an important adaptation mechanism that can dramatically change both the nature of internal (e.g., relationships between marketing and research functions) and external (e.g., relationships with suppliers, distributors, and customers) organizational routines.
A key tenet in organizational learning theory is that changes in organizational routines reflect learning (Argote et al. 1990 , Huber 1991 , March 1991 , Mezias and Lant 1994 , Haunschild and Miner 1997 . Thus, new product introductions-accompanied by significant changes in organizational routines-reflect organizational learning. Indeed, the theme of "innovation as organizational learning" has long been examined in both theoretical (e.g., Van de Ven and Angle 1989, Mezias and Glynn 1993) and empirical (e.g., Cohen and Levinthal 1990 , Henderson and Clark 1990 , Mezias and Eisner 1997 research. Note that this view does not imply that such learning is necessarily efficient, because past research documents both problems and biases in learning (e.g., Levitt and March 1988) .
We focus on vicarious learning in new product introductions in converging markets. Vicarious learning is likely to occur under conditions of uncertainty, when managers look outside their own organizations for guidance (e.g., Mezias and Lant 1994, pp. 187-188; Haunschild and Miner 1997; Mezias and Eisner 1997) . Converging markets are characterized by high uncertainty about technologies and products. Accordingly, we expect vicarious learning to generally affect firms' strategic behaviors in converging markets, and specifically affect their new product introductions.
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Consistent with past research (Baum and Haveman 1997 , Haunschild and Miner 1997 , Lant and Hewlin 2002 , we define vicarious learning as occurring when 1 Note that other types of organizational learning (e.g., experiential learning) are also likely to be reflected in new product introductions. We control for these other types of learning in the proposed model. Additionally, as we subsequently discuss, the proposed estimation procedure also accounts for unobserved firm heterogeneity. firms alter their behaviors in response to the behaviors of other firms. Thus, changes in the rates of firms' new product introductions arising from changes in new product introductions of other firms reflect vicarious learning. Past empirical research supports three types of vicarious learning: frequency-based, traitbased, and outcome-based learning (Haunschild and Miner 1997) . With frequency-based learning, firms learn from the prevalence of practices in a population of organizations; with trait-based learning, firms learn from the practices of other firms with certain traits (e.g., similarly sized firms, successful firms); and with outcome-based learning, firms learn from the outcomes associated with other firms' practices. In the early years of the digital camera market, information on performance outcomes (e.g., sales, market shares) was not available. Hence, our ex-ante representation of vicarious learning includes frequencybased and trait-based learning and excludes outcomebased vicarious learning. In a departure from past research that has modeled frequency-based and traitbased vicarious learning separately (e.g., Haunschild and Miner 1997, Baum et al. 2000) , we combine frequency and trait-based vicarious learning, to develop an integrated measure of vicarious learning; i.e., the number of new product introductions (frequencybased learning) of target firms with certain traits (i.e., similar size, success, origin industry).
The DTF
The role of technological opportunity versus market demand on innovative activity has been the subject of ongoing debate in the innovation literature. Some (Schumpeter 1934 , Geroski 1990 ) argue that NPD is driven by technological opportunity, while others (Schmookler 1962, Kamien and Schwartz 1979) suggest that consumer needs and preferences fuel innovative activity. Our review of the converging digital camera market suggests that both technological opportunity and user needs simultaneously influenced innovative activity, producing the DTF.
Specifically, products at the HTF represent "technology push" efforts driven by the technical possibilities of industry research and development (R&D) (Rothwell 1994) . Thus, HTF products represent leadingedge technology developments, are risky, require substantial "lumpy" R&D investments, and tend to be aimed at small, niche markets with low growth rates. Products at the LTF, in contrast, represent "market pull" efforts and are driven by the fusion of user needs and technical possibilities (Rothwell 1994) . Thus, LTF products typically require lower R&D investments relative to HTF products, are aimed at the large mass market, and have strong anticipated growth rates.
Given the distinctive nature of the DTF, we propose different vicarious learning processes for HTF and LTF product introductions. We propose that vicarious learning will vary depending on (1) whether the focal firm's learning is embodied in its HTF or LTF products and (2) whether the learning target is at the HTF or LTF. In the following sections, we discuss vicarious learning from other firms' product introductions as reflected in the focal firm's HTF product introductions, followed by vicarious learning from other firms' product introductions as reflected in the focal firm's LTF product introductions.
Product Introductions at the HTF Because HTF products are at the leading edge of technology developments, firms likely experience a high degree of uncertainty about both their technical feasibility and their market acceptance. Under conditions of high uncertainty, local and limited search (Cyert and March 1963) tends to dominate widespread search (Fleming 2001) . Thus, we propose selective vicarious learning at the HTF, with organizational search limited to the HTF products of a select group of firms, rather than of all firms (Haveman 1993 , Haunschild and Miner 1997 , Tripsas and Gavetti 2000 .
Specifically, we propose that local search for HTF product introductions will be restricted to the HTF product introductions of similarly sized firms and successful firms. Because HTF products are driven by technology push and not by market pull, we do not anticipate vicarious learning for new HTF products from the LTF products of other firms. However, we control for such effects in the estimated model.
HTF Product Introductions of Similarly Sized
Firms. Organizations of similar size generally rely on the same resources, and face similar constraints. For example, in most organizational populations, larger organizations have different structures and strategies than medium and small organizations (Haveman 1993) . Organizations compete most aggressively with others of similar form or size, which typically operate in similar market niches (Hannan et al. 1990, Baum and Mezias 1992) . This match of size and strategy profiles suggests the appropriateness of size peers as good learning targets (Haunschild and Miner 1997) . Indeed, there is robust evidence for such sizelocalized vicarious learning in market entry of banks (Haveman 1993) , survival of hotels (Baum and Mezias 1992) , and hiring of investment bankers (Haunschild and Miner 1997) .
Thus, we propose that, for HTF product introductions-which are characterized by high uncertaintyorganizations will pay selective attention to the HTF product introductions of their size peers. The HTF product introductions of their size peers will contain diagnostic information on the technical feasibility of HTF products, and reinforce for the focal firm that they too have the capabilities to produce these products, spurring their introduction. Therefore, we expect the rate of new HTF product introductions of firms to be positively related to the HTF product introductions of other similarly sized firms. Hence, Hypothesis 1. The greater the number of HTF products introduced by similarly sized firms, the higher the rate of new HTF product introductions by the focal firm.
HTF Product Introductions of Successful Firms.
In addition to local search of similarly sized organizations under conditions of high uncertainty, firms pay attention to others perceived to be successful (DiMaggio and Powell 1983) . However, the empirical evidence on learning from the actions of successful others is mixed. Some studies find a mimetic response (e.g., Burns and Wholey 1993, Haveman 1993) , others find no response (e.g., Rogers 1995) , and yet other studies find a nonmimetic response (e.g., Greve and Taylor 2000) . We propose that, under high uncertainty, firms will pay attention to the HTF product introductions of other successful firms, but they will use the information more selectively than they do information pertaining to their size peers. This selective attention occurs because organizations believe that successful organizations are doing "X" as a proxy for "X's" technical results (i.e., as a proxy for the practice's success). But under high uncertainty, the relationship between the practice's success and organization's success is ambiguous (Haunschild and Miner 1997) . This unclear contingency is especially likely in converging markets, where data on products' performance are not available.
In addition, HTF product introductions represent technological experimentation. Given the rapid pace of HTF technological developments, the HTF is characterized by technological turbulence (Yoffie 1997) . Further, the market for HTF products is a small, evolving niche market with limited commercial potential. Thus, in addition to the unclear contingency between the practice's success and the firm's success, an increasing number of HTF product introductions by successful firms suggests increased competitive activity in this small, turbulent niche for HTF products. This, in turn, is likely to decrease the attractiveness of HTF to the focal firm (Miller and Chen 1986, Chamley and Gale 1994) . Hence, given the HTF introductions of other successful firms, focal firms may perceive reduced innovation rents for their HTF products aimed at the small, niche market and reduce their HTF product introductions.
Hypothesis 2. The greater the number of HTF products introduced by successful firms, the lower the rate of new HTF product introductions by the focal firm.
Product Introductions at the LTF We expect a different representation of vicarious learning for firms' LTF product introductions. First, because LTF product introductions involve less technological uncertainty than HTF products, and are aimed at the much larger mass market, we expect vicarious learning to be less dominated by local search and more affected by complementarities in routines between the focal firm and the learning targets. These complementarities likely vary across origin industry. As noted earlier, firms in a given industry tend to possess similar resources and routines (Nelson and Winter 1982) . This raises the possibility that vicarious learning in a converging market, where entrants from different industries are competing, may vary systematically across origin industries. These origin industries include firms from traditional film-based analog photography, consumer electronics, and the computer industries. Further, because LTF products involve a fusion of both user needs and technical knowledge, they are characterized by more market knowledge (relative to HTF products). Market knowledge is also likely to vary across origin industries, with firms in a given industry possessing similar market knowledge. Accordingly, we expect that the demand-side characteristics of target firms (i.e., origin industry, reflecting market knowledge) will affect vicarious learning in LTF products of focal firms, while supply-side characteristics of target firms (i.e., size and success) may be less important. We next discuss vicarious learning from the HTF product introductions of target firms, followed by vicarious learning from the LTF product introductions of target firms.
HTF Product Introductions of Firms from the
Same Origin Industry and from Outside the Origin Industry. How are the LTF product introductions of focal firms affected by the HTF product introductions of others? Because LTF product introductions are based on the fusion of technology developments and user needs (Schmookler 1962 , Rothwell 1994 , the HTF product introductions of other firms contain information about the possibilities of various technologies underlying the emerging products. Indeed, some technical features of HTF products are, over time, frequently incorporated into LTF products. Thus, we expect the HTF product introductions of other firms to spur the LTF product introductions of focal firms. We propose that this likely occurs with respect to learning from both the HTF products of firms within the same origin industry as the focal firm, as well as those outside their origin industry. The shared knowledge base of firms from within a given origin industry is likely to create greater absorptive capacity (Cohen and Levinthal 1990) for vicarious learning. Further, firms from the same origin industry are likely to have similar industry networks (e.g., membership in industry bodies, trade conferences, etc.), which may facilitate the transfer and assimilation of HTF technical knowledge into the focal firm's LTF product introductions (Abrahamson and Rosenkopf 1997) . As a result, the HTF product introductions of firms from the same origin industry may increase the rate of LTF product introductions of focal firms.
In contrast, the HTF product introductions of firms from outside the origin industry generate information about technology developments outside their origin industry's knowledge domains. This knowledge will be different, but still complementary, because LTF products are still targeted toward the anticipated mass market. Complementary knowledge from the actions of other firms tends to increase the impact of those actions on the focal firm (Haunschild and Beckman 1998 ). Integrating the above arguments, we expect that the HTF products of other firms, whether from the same origin industry or from outside the origin industry, will increase the rate of LTF product introductions of the focal firm. Thus,
Hypothesis 3A. The greater the number of HTF products introduced by firms from the same origin industry as the focal firm, the higher the rate of new LTF product introductions by the focal firm.
Hypothesis 3B. The greater the number of HTF products introduced by firms outside the origin industry of the focal firm, the higher the rate of new LTF product introductions by the focal firm.
LTF Product Introductions of Firms from the Same
Origin Industry and from Outside the Origin Industry. At first glance, the shared knowledge base of firms competing in the LTF and mimetic pressures to respond to competitors' product introductions might be assumed to increase a focal firm's LTF product introductions in response to the LTF product introductions of other firms from the same origin industry. However, as we discuss below, there is also likely to be intense rivalry among firms competing for the potentially large mass-market, regardless of whether the firms are from the same origin or outside their origin industry, which results in a nonmimetic response to the LTF product introductions of other firms.
Firms from the same origin industry directly compete for resources (e.g., finance, labor, customers) in the converging market. Indeed, when the focal and target firms are from the same origin industry and the source of learning is the target firm's LTF product introductions, the threatening, competitive aspects of these new LTF product introductions are likely to be more salient than their informational value (Ocasio 1997, Lant and Hewlin 2002) . In addition, as the number of LTF products by firms from the same origin industry increases, the focal firm is likely to obtain from these products the necessary information about consumer preferences at the LTF. As a result, the focal firm may focus its effort on leveraging the innovation rents in its existing product portfolio, lowering its LTF product introduction rate.
Likewise, we expect that the LTF product introductions of target firms from outside the focal firm's origin industry to increase the perceived competition for LTF products, lowering the focal firm's rate of LTF product introductions. When firms observe increased LTF product introductions by firms outside their origin industry in these converging markets where product forms, revenue models, and market feasibility are uncertain and still emerging, they may infer that the resources and competencies of firms from their origin industry are not adequate to compete effectively. Thus, the focal firm may perceive a threat to the performance and survival of firms from their origin industry in the converging market. Such threatrigidity perceptions (Staw et al. 1981) 
Method
Context: The Early Years of the U.S. Digital Camera Market The advent of digital imaging technology in 1991 shook up the traditional photography industry as charge-coupled devices (CCD) technology (converts light images to binary data) replaced traditional filmbased photography (Tripsas and Gavetti 2000, Benner 2002 ). The creation of the digital camera involved the integration of diverse technologies covering microelectronics, integrated circuit design, image processing, software design, CAD/CAM design, and fiber optics. In the early years of the digital camera market, there was uncertainty about form factor (e.g., the digital camera as a computer or a consumer durable) and revenue models (e.g., hardware or consumables). The converging digital camera market witnessed the entry of firms from different industries (e.g., photography, consumer electronics, computing) competing against each other for the first time.
Our discussions with digital imaging industry experts and review of trade reports (e.g., the Future Image Report) indicated the existence of a DTF in the digital camera market. The HTF corresponds to the segment aimed at photography professionals, and the LTF is aimed at the mass market. The uncertainty, diverse origin industries of firms, and the DTF in the digital camera market thus provide a rich context to address vicarious learning.
Data
We tracked the evolution of the digital camera starting in 1991, when the first digital camera was launched. Information on camera product introductions was obtained from the Future Image Report, an industry newsletter published 10 times each year. Firms entered the data set the year in which they introduced their first digital camera and were observed untill 1999; unless they went out of business. The data set includes 67 firms with 429 product introductions between 1991 and 1999, resulting in 296 firm-year observations.
Measures
Like other complex, technology-intensive products, early digital cameras differed on several attributes including pixel density, memory format and size, lens features, storage device options, and prices (Future Image Report 1993) . In this paper, we focus on pixel density to identify the DTF, because discussions with industry experts indicated that pixel density was the key attribute that differentiated early digital cameras. Indeed, consistent with the importance of pixel density, comprehensive data on other product attributes are not available for the early years.
For each year in the data set, we conducted independent latent class cluster analysis using the pixel density of the digital cameras introduced each year to empirically identify HTF and LTF products. Latent class cluster analysis offers several advantages over traditional cluster analysis to identify the DTF (for details, see Wedel and Kamakura 2000) . 2 We used the consistent Akaike's information criterion (CAIC) to determine whether the two-cluster solution was better than a single-cluster solution. In every year, the two-cluster solution was superior-supporting the existence of a DTF. We had 76 (varying from 1 to 27 per year) HTF products and 353 (varying from 3 to 89 per year) LTF products.
The mean pixel densities for the DTF for each year are shown in Figure 1 . Figure 1 shows a clear demarcation between the HTF and LTF for all years, with HTF higher than LTF in each year. Validating the empirical operationalization of the DTF, we note that the mean pixel density at the HTF in every year is significantly higher than that at the LTF (t-tests are significant at p < 0 05 for each year).
From Figure 1 , we see that the mean pixel density for both the LTF and HTF decreases in some years. This observed discontinuity in product performance pattern is consistent with the technology evolution literature (Utterback 1994) which suggests that in the early stages of an emerging market, technological developments create a rivalry between alternative designs, resulting in a period of design variation or ferment. At some point, one product design-i.e., the future dominant design-is favored by the market over other designs. A dominant design may not necessarily embody superior technical performance; sometimes, it is a satisficing design in terms of technical possibilities (Tushman and Rosenkopf 1992) .
Discussions with photoimaging industry experts confirmed that extensive technological experimentation resulted in high variability in the specifications of early digital cameras. Products with very high pixel densities were introduced in these early years, causing the observed spikes followed by the dips. For example, the spike observed in 1992 and 1994 for HTF products resulted from the product introductions of three firms-HP Marketing Inc. ), Dicomed Inc. (1994 ), and Phase One Inc. (1994 . Indeed, supporting this idea of technological experimentation, these three products were withdrawn within a year of their introduction.
Also, from a customer perspective, consumers were satisficing, in the sense that higher levels of pixel density were not valuable to them because "megapixels permit bigger enlargements and more room to crop, but do not affect photo quality" (Pogue 2005) . As noted in professional photography circles, "To the eye, the difference is not nearly so great. So, for 35-mm images, effective pixel count is typically on the order of 4.5 megapixels for color images" (Merklinger 2005 ). Indeed, consumer ratings suggest that "For most digital camera purchasers, a three-megapixel digital camera will provide an excellent balance of features and exposure options without breaking the bank" (Creech 2005) . Corroborating these ideas, the mean level of the pixel density of the HTF declined over time, indicating that the product design in the digital camera market was being optimized at a lower level of pixel density. 3 We measured new product introductions, the dependent variable, as the number of HTF and LTF product introductions by a firm in a given year. Independent Variables. We measure size by firm sales lagged one year (Cohen 1995) . For publicly traded firms, we obtained sales information from the COMPUSTAT and WORLDSCOPE databases. We created a quartile split and coded size as ranging from 1 to 4. To create the size-similarity variables, we used the number of HTF and LTF product introductions of those firms with the same size code as the focal firm in the previous year.
Several criteria have been used to evaluate the success of firms including reputation, efficiency, profitability, and growth. In the corporate sector, highly profitable organizations are naturally viewed as more successful than less profitable organizations (Burns and Wholey 1993) . We thus use the firm's profitability, measured as return on assets (ROA) as the indicator of its success. To create the product introductions variables of successful firms, we used the previous year's number of HTF and LTF product introductions by highly profitable firms (in the top quartile of firms).
We measured the origin industry of a firm based on whether it entered the digital camera market from one of the following three industries: (1) photography, (2) consumer electronics, or (3) computing. Accordingly, we used the number of new product introductions in the previous year by all firms from the focal firm's origin industry and outside the focal firm's origin industry at the LTF (and HTF) as an indicator of vicarious learning from firms in the same origin industry and from firms from outside the origin industry at the LTF (and HTF), respectively.
Control Variables. We also controlled for several variables that may affect the rate or type of new product introductions. First, we controlled for the cumulative number of previous product introductions by that firm to capture any effects of experiential learning (Argote et al. 1990 ). We also include the squared term of a firm's cumulative prior introductions as the positive effects of prior experience may increase at a decreasing rate (Argote 1999) . Second, as the availability of resources to fund product introductions may affect the dependent variable, we included both firm size and free cash flow (both lagged one year) as proxies for resource availability. 4 Third, we control for the firm's technical expertise, which may also affect product introductions, by measuring the total number of patents granted to a firm in the previous year in the 12 patent classes pertinent to digital cameras. 5 We obtained patent data from the U.S. Patent and Trademark Office (http://www.uspto.gov). Fourth, we controlled for the firm's age (logarithm of age in years) because firms' search and learning strategies, as well as their ability to generate new products, may vary with age (Gavetti and Rivkin 2005) . Finally, we controlled for the use of alliances as another source of interorganizational learning-by counting the number of firm alliances in the previous year. Alliance data was obtained from Thompson Financial Mergers and Alliances database. Table 1 contains the descriptive statistics and correlation matrix of the variables.
Model Specification
As the two dependent measures are count variables, we use the Poisson distribution to model the mean of the distribution (i.e., at the HTF and LTF) as a function of the explanatory variables using the log link function (e.g., Cameron and Trivedi 1998) . To relax the assumption of the Poisson distribution that the mean equals the variance, and to incorporate unobserved firm heterogeneity we introduce a firm-specific intercept term. Specifically:
where f subscripts the firms and t subscripts time;
H and L are the parameter estimates for the effect 4 Because some firms in our data set are not publicly listed, we were not able to obtain this data for all the firms in the data set. However, we used data imputation techniques built into SPSS using EM algorithm to obtain the missing values. The correlation between free cash flows and the other variables, before and after imputation, show that it did not change significantly, testifying to the validity of the imputation process. We also ran a subanalysis on only those public firms in the data-the ones for which we had free cash flow data. We found similar patterns of results to the imputation. The directionality and statistical significance of the parameter estimates were unchanged. Note. Correlations above 0.10 significant at p < 0 10, correlations above 0.14 significant at p < 0 05, and correlations above 0.18 significant at p < 0 01.
of the various explanatory variables (X ft at the HTF and LTF, respectively; and Hf and Lf represent the firm-specific term for incorporating unobserved heterogeneity.
Assuming that Hf and Lf are normally distributed and correlated with each other gives us the Bivariate-Poisson-Normal model (BPN) (Cameron and Trivedi 1998) . The BPN distribution offers two advantages over other models: (1) The firm-specific terms (one each at HTF and LTF) account for unobserved firm heterogeneity, which may explain additional differences in the HTF and LTF new product introductions of firms (e.g., organizational culture, quality of R&D personnel, brand equity) and account for overdispersion-fairly common in Poisson count models (Cameron and Trivedi 1998) . (2) It allows for the correlation of the firm-specific terms in Equation (1) so that we can account for any dependencies between the HTF and LTF product introductions of a given firm.
Model Estimation
We estimate the BPN model specified in Equation (1) using Markov Chain Monte Carlo methods (Gilks et al. 1998) . For the purpose, we use conjugate and noninformative priors. Specifically, we specify the two parameter vectors (i.e., H and L ) to be distributed multivariate normal with a diagonal Wishart distribution for the precision matrix. We assumed hierarchical shrinkage specification for the individual firm-specific intercept term such that the firm-specific effects shrunk to an aggregate effect, which in turn shrunk to a mean of zero and low precision (i.e., high variance). We simulated four chains for the model and ensured convergence by inspecting the GelmanRubin statistics (Gelman and Rubin 1992) . For model comparison purposes, we estimated two additional models: (1) a model with only the control variables as explanatory variables but excluded the vicarious learning variables and (where the errors are correlated) to examine the explanatory power of the vicarious learning variables, and (2) a model where the errors were uncorrelated, but included all the vicarious learning variables and the control variables, to examine whether the HTF and the LTF product introductions of firms are independent of each other. We used the deviance information criterion (DIC) to compare the models, in which lower values signify better fit (Spiegelhalter et al. 2002) .
Results
Based on DIC, the hypothesized model with all the proposed vicarious learning variables (DIC = 988 913) outperformed the model with only the control variables (DIC = 1 044 020). It also outperformed the model in which we specify the two equations for HTF and LTF products to be uncorrelated (DIC = 1 000 070). The correlation coefficient between the firm-specific effects for products introduced at HTF and LTF was −0 883 p < 0 01 , 6 indicating a model Note. The density plots for the parameter of interest were all normal. Thus, we report the mean and standard deviation as sufficient statistics. * * p < 0 05 and * * * p < 0 01.
that allows for correlation between the firm specific effects of a firm's HTF and LTF product introductions fit the data best-which suggests the need to account for unobserved heterogeneity in modeling this process. We present the results for the BPN model at the HTF and LTF in Table 2.   7 Because the correlation matrix (Table 1) shows some fairly high correlations among independent variables, we checked whether multicollinearity may be affecting the validity of the results. First, we examined the variance inflation factors, all of which were below five, which suggests that multicollinearity is not a threat to the validity of the study's findings. Second, we ran models entering one variable at a time and inspected the estimated parameters (e.g., sign change) to judge whether multicollinearity was affecting our results. There did not appear to be any harmful effects due to multicollinearity in any model. Therefore, we report models with all variables included.
between HTF and LTF product introductions, which we observe from Table 1 of the descriptive statistics is 0.025). This negative correlation between unobserved firm effects at the two technology frontiers suggests that some unobserved firm characteristics have opposing effects on the product introductions at the two technology frontiers.
For model completeness, we also include all terms of the explanatory variables in the two models for HTF and LTF product introductions (e.g., learning in HTF product introductions from the LTF product introductions of similarly sized and successful firms) even though we had not hypothesized these effects.
Results for the control variables show that neither firm size nor free cash flow affected product introductions. Cumulative product introductions have the expected positive effect, and the negative coefficient on the squared term indicates decreasing returns to experience.
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In Hypothesis 1, we predicted that firms will learn vicariously from the HTF product introductions of similarly sized firms. Table 2 , Model 1 shows an increase in the rate of the focal firm's HTF product introductions as a function of the HTF product introductions of similarly sized firms (b = 5 32, p < 0 01). Thus, Hypothesis 1 is supported. In Hypothesis 2, we predicted that competition concerns will create a nonmimetic response such that firms will decrease their rate of HTF product introductions as a function of the HTF product introductions of successful firms. We find support for this hypothesis as well (b = −3 55, p < 0 01). As expected, we do not find any support for the unhypothesized effects of LTF product introductions of similarly sized and successful firms. Thus, the results confirm that vicarious learning at the HTF is frontier specific and does not extend to learning from LTF products.
We next turn to product introductions at the LTF. Table 2 , Model 2 presents these results. Results for the control variables show that firm age and number of patents positively affect LTF product introductions, while the number of alliances has no effect. In Hypothesis 3A, we had predicted that firms will introduce more LTF products in response to the HTF product introductions of firms from the same origin industry. As shown in Table 2 , Hypothesis 3A is supported (b = 1 22, p < 0 01). We also find support for Hypothesis 3B, that firms will introduce more LTF products in response to HTF product introductions of firms from outside their origin industry (b = 0 99, p < 0 05). These results confirm that vicarious learning in LTF product introductions from the HTF products of other firms is mimetic in nature and not origin-industry specific. Thus, at the LTF, both the shared knowledge of firms from the same origin industry and the complementary knowledge of firms from outside the origin industry appears to influence the vicarious learning from HTF products.
However, we do not find support for Hypothesis 4A, where we had hypothesized that firms will reduce their LTF product introductions in response to the LTF product introductions of firms from their origin industry. Although the coefficient is negative as expected, it is not statistically significant (b = −0 32, ns). This lack of support for Hypothesis 4A is surprising, and we discuss this result in detail in the discussion section. On the other hand, there is support for Hypothesis 4B, where we had predicted that firms would decrease their LTF product introductions in response to the LTF product introductions of firms from outside their origin industry (b = −0 34, p < 0 05). Finally, as expected, we also do not find any support for the unhypothesized vicarious learning from HTF products (i.e., from similarly sized firms, successful firms) on LTF product introductions.
To summarize, we find support for the expected effects for HTF product introductions. They are affected positively by HTF products of similarly sized firms and negatively by HTF products of successful firms. We also find that LTF products are affected by HTF products of other firms, irrespective of origin industry. However, LTF product introductions are affected only by the LTF products of firms from different origin industries, not of firms from the same origin industry.
Discussion
Our findings generate insights on vicarious learning in NPD in converging markets. We find support for heterogeneity of vicarious learning in the converging digital camera market. The heterogeneity occurs across two dimensions-the DTF and origin industry. We conclude by discussing the paper's contributions to theory and then identifying the study's limitations and directions for future research.
Theoretical Contributions
Organizational Learning. Our research makes four contributions to the organizational learning literature. First, while there is extensive support for vicarious learning in other strategic contexts, we know little about the nature of vicarious learning in NPD, a strategic organizational adaptation mechanism. By finding strong support for vicarious learning in new product introductions, we take a first step in this direction.
Consistent with past research on trait-based learning (Haveman 1993, Haunschild and Miner 1997) , firms in converging markets are influenced by similarly sized and successful firms. Some of this learning is mimetic. For example, HTF product introductions of similarly sized firms positively affected the rate of HTF product introductions by the focal firm. Another contribution of our study, however, lies in showing that some learning is nonmimetic (cf, Haveman 1997, Greve and Taylor 2000) . For example, firms introduce fewer HTF product introductions in response to more HTF product introductions of successful firms. Indeed, our discussions with industry experts anecdotally support this logic. After the introduction of high-end cameras by Sony in 1994 (a very successful firm in the digital camera market in the 1990s), other firms in the digital camera market interpreted this action as a signal that the market for high-end digital cameras was too competitive, and lowered the rate of their HTF product introductions. The support for bi-directional vicarious learning processes (both mimetic and nonmimetic) supports the contingent nature of vicarious learning in converging markets, based on the characteristics of other firms.
Second, in a departure from much past research on vicarious learning-primarily focused on intraindustry learning in stable markets-we focus on a young industry in which firms originating from different industries competed against each other for the first time. We hypothesized differences in vicarious learning based on the origin industry of the target firm. Again, we find evidence of both mimetic (from HTF products of firms outside the origin industry for LTF product introductions) and nonmimetic vicarious learning (from LTF products of firms outside the origin industry for LTF product introductions). This finding extends past research Haveman 1997, Greve and Taylor 2000) , which has reported nonmimetic vicarious learning from firms in nearby markets. Our findings suggest that this nonmimetic effect is supported at the LTF for firms similar in some ways (e.g., facing the same competitive conditions) but distinctive in others (i.e., from different origin industries and with different routines and practices). Somewhat surprisingly, we found no support for Hypothesis 4A, in which we had hypothesized that nonmimetic learning from the LTF product introductions of target firms from the same origin industry will lower the LTF product introductions of focal firms. We conjecture that the hypothesized nonmimetic effects are perhaps offset by mimetic vicarious learning because of shared, complementary knowledge bases of firms from the same origin industry-which produce the observed null effect.
Third, this paper's findings extend past organizational search literature, which has-for the most part-adopted an inward-focused approach to search (Pisano 1990, Tripsas and Gavetti 2000) . For example, while Pisano (1990) outlined "learning by doing" and "experimentation" as alternative search systems, he did not consider vicarious learning. While our findings support the idea that in high uncertainty situations (e.g., with HTF products), local search will dominate (e.g., Cyert and March 1963) , the empirical evidence supports extensive external organizational search, not only of firms within a given technology frontier but also of firms in the other technology frontier, and of firms from both inside and outside their origin industry. The findings reiterate the role of vicarious learning and the importance of including it in a comprehensive model of organizational search.
Finally, in a departure from past research that has modeled frequency-based and trait-based vicarious learning separately, we use an integrated measure combining frequency-based learning (i.e., number of new product introductions) and trait-based learning (i.e., size, success, and origin industry of target firms). Our findings indicate that this integrated measure is an ecologically valid representation of vicarious learning and suggest that firms use multiple rules for learning, combining frequency and trait-based learning modes. Researchers can use this measure and other integrated representations of vicarious learning to explore rules by which firms integrate information on outcomes, frequency, and traits of target firms.
NPD. Although the potential value of the external environment has been raised in the context of NPD teams, empirical NPD research has primarily focused on the role of firm characteristics on firm-level NPD outcomes (e.g., Moorman 1995) . This paper's findings suggest that the external environment-consisting of the actions of firms from various origin industries and across the DTF-has significant mimetic and nonmimetic effects on new product introductions of firms in converging markets. Thus, the finding that the firms' external environment has an important, strategic role on innovation outputs (i.e., increasing or decreasing new product introductions), importantly extends past empirical NPD research primarily focused on organizational characteristics.
In addition, most past NPD research has examined product innovation as developments along a singletechnology frontier. In this study, we conceptualize and find support for a DTF, in which product innovation simultaneously proceeds across the HTF and LTF. At the same time, note the interconnectedness of the dual frontiers as evidenced by vicarious learning from HTF product introductions on the LTF product introductions of focal firms. We view the DTF as a useful research tool to reexamine extant NPD research in a new light.
Converging Markets. Developments across diverse industries are combining previously distinct technologies into new products resulting in converging markets. Despite the dramatic effects of converging markets on firms' strategies and the growing economic significance of these markets, there are few insights on strategic processes of firms in such markets. We take a first step by examining vicarious learning in new product introductions, a key strategic behavior of firms.
Specifically, vicarious learning processes in new product introductions in converging markets vary by the technology frontier and the origin industry of firms. For HTF product introductions, we conjectured that technology supply-side considerations play an important role. In support of this idea, we find that the origin industry of target firms does not affect vicarious learning processes (i.e. the unhypothesized null effects of origin industry), but supply-side characteristics (firm size and success) do. In contrast, for LTF product introductions aimed at the mass market, we conjectured that demand-side considerations are important. In support of this idea, supply-side characteristics (e.g., firm size and success) of target firms do not affect vicarious learning (i.e., the unhypothesized null effects of size and success), but demand-side characteristics (technology frontier and origin industry) do. Further, the lack of support for Hypothesis 4A (no learning from the LTF products of firms from their origin industry) combined with the support for Hypothesis 4B (learning from the LTF products of firms from outside their origin industry) suggests that the extreme uncertainty about key success factors in converging markets makes very salient the competitive threats from firms from other origin industries.
Limitations and Future Research
The study has some limitations that suggest areas for further research. We focus on new product introductions, an important strategic activity for firms. However, new product introductions are not the only way that firms innovate. For example, firms may innovate on other aspects of their products (e.g., price) and marketing mix (e.g., advertising). A promising area for future research would be the integration of product attributes and marketing mix to investigate vicarious learning in an organizational marketing context.
In this study of the early years of the converging digital camera market, we do not consider outcomebased vicarious learning because such information (e.g., sales data) was not available. However, outcomebased vicarious learning is an important source of learning in mature industries (cf. Haunschild and Miner 1997) . During the early stages of market development, learning from successful firms may have substituted for outcome-based learning. Future studies to investigate the interplay between trait-based and outcome-based vicarious learning, using the integrated representation of vicarious learning discussed earlier, would be valuable.
Finally, we investigated the early years of the digital camera market, characterized by high uncertaintywhich is very conducive to vicarious learning. While the findings suggest significant differences in vicarious learning of firms in converging markets, further research on whether the findings extend to other converging markets and persist as markets evolve would be informative.
Conclusion
In sum, we view this study as an important initial step to investigate vicarious learning in an innovation context in converging markets. Beyond digital cameras, our research points to the importance of investigating vicarious learning processes in other innovation contexts. The proposed model of vicarious learning may also apply to other product markets where products are developed simultaneously at the HTF and LTF. For example, the pharmaceutical industry, which includes therapeutic products (e.g., treatment for diseases, infections) and diagnostic products (e.g., imaging, testing) in which the HTF is aimed at hospitals and the LTF is aimed at physicians' offices, respectively, may be one such important context to extend the ideas proposed in this study. We hope the insights offered by this research will stimulate further work in the area.
